• We use magneto-encephalograms in patients with mild cognitive impairment (MCI).
Introduction
Mild Cognitive Impairment (MCI) is a heterogeneous cognitive disorder defined as mild deficits in cognitive functions including episodic memory impairment, greater than expected by age (Petersen et al., 2001; Adeli et al., 2005a Adeli et al., ,b, 2008 . Prevalence of MCI in elderly population (50-95 years) is between 5.8% and 18.5% (Collie and Maruff, 2000) . MCI patients have a high conversion rate, approximately 50%, to dementia, and hence MCI, as a transitional state between healthy aging and dementia, is thought as an important target of treatment for dementia (Choi et al., 2009; Villeneuve et al., 2009; Ally et al., 2009) .
Working memory refers to the structures and processes involved in temporarily holding information in mind and manipulating them for further processing (Baddeley and Hitch, 1974; Patalong-Ogiewa et al., 2009; Ramanathan et al., 2012) . Impairment of working memory results in impaired executive function in MCI. As such, investigation of working memory deficits in MCI is of vital importance for understanding of the pathology of MCI and predicting dementia (Collie and Maruff, 2000; Wenger et al., 2010) . MRI-based studies have found gray matter loss in medial temporal, parietal and frontal regions in amnestic MCI patients (defined as MCI patients with impaired episodic and working memory) (Karas et al., 2004; Barbeau et al., 2008) . In a PET study on word-pair learning Moulin et al. (2007) suggested different activation patterns in MCI patients compared with normal elderly subjects. During incremental learning the MCI subjects showed increased activity in the occipital regions (instead of change in frontal activations, which occurs in normal subjects) and during retrieval they showed increased activity in the left frontal region. Patalong-Ogiewa et al., 2009) found MCI patients have impairments not only in episodic memory but also in working memory which shows the deficit is not restricted only to hippocampus but is more global.
In summary, the literature shows the changes of brain activity of MCI patients, observed in a few neuroimaging studies, have been quite variable (Gronholm et al., 2007) . Hence studying the impairment of brain networks during working memory tasks is of great interest. Such a study may result in discovery of unique markers for all or specific subsets of MCI patients to be used to identify those who will develop dementia. In a recent article Ahmadlou and Adeli (2011a) presented a new methodology for investigation of the structure of the brain functional connectivity and understanding of the brain based on graph theory and community pattern analysis of functional connectivity graph of the brain obtained from encephalograms (EEGs). The methodology consists of three main parts: fuzzy synchronization likelihood (FSL), community partitioning, and decisions based on partitions. Using magneto-encephalogram (MEG) signals, in this research the authors investigate differences of complexity of functional connectivity network, a global property of the brain, between MCI and normal elderly subjects during a working memory task. Complexity of functional connectivity network is used to indicate how the neuronal regions interact with each other (how much dense/sparse [in the sense of ratio of the connectivity to the number of brain regions], and random/ordered [in the sense of distribution of the connectivity among the brain regions: how much the regions are randomly connected and how much the connectivity is equal between each brain region and the others]) and to determine the efficiency of the network in transmitting information. The higher the complexity during the working memory task, the higher the efficiency of the brain network in transmitting the information associated with the working memory.
In this research, the complexity is computed using two different measures: Graph Index Complexity and Efficiency Complexity (Kim and Wilhelm, 2008; Bello-Orgaz et al., 2012) . These measures have been selected because they can measure the global complexity of the brain functional connectivity network after quantifying the constructed network using synchronization methods (Besio et al., 2011; Han et al., 2011; Serletis et al., 2013; Rangaprakash et al., 2013) . The global complexity quantifies the structure of connections in a network and determines where it is between random and rigid structures. Complexity in the brain network is a vital characteristic for feasible synchronization and efficient information transmission (Ahmadlou et al., 2012a . This means having a short and strong pathway between brain regions so that the information can flow easily with optimum number of connections. The common concept of correlation or connectivity between brain regions is just a local concept. If all brain regions connect to each other with equally strong connections, the global network may not be efficient for transmission of the information from one region to another region (since it is paying a lot of extra cost/connections). Indeed some areas are hubs (usually high level processing regions) and need more connectivity and other areas do not need high connectivity. It is the distribution of these connectivities among the brain regions that determines the efficiency of the brain network.
The Graph Index Complexity has been used in other branches of sciences usually to study complexity of social and economic networks. The authors were the first researchers to introduce the concept of visibility graph in neuroscience, but for measuring the complexity of the EEC signals and not for measuring the global complexity of functional brain networks (Ahmadlou et al., 2010) . They utilized the Graph Index Complexity to measure complexity of the EEC signals. The Efficiency Complexity has been used in the neuroscience literature as one of the Small-World Network components (Watts and Strogatz, 1998; Han et al., 2011) , but in this research it is used as an index of complexity of network irrespective of the concept of Small-World Network.
Many studies show oscillations as well as deficits in theta and alpha frequency bands during working memory tasks in healthy subjects and also MCI patients (Klimesch, 1999; Stam, 2000; Bastiaansen et al., 2002; Schmiedt et al., 2005; Deiber et al., 2009; Khader et al., 2010; Morgan et al., 2013) . Hence in this study the complexity of functional connectivity networks during the working memory task is analyzed in the theta and alpha frequency bands.
Methods

Participants
All subjects or legal representatives provided written consent to participate in the study, which was approved by the local ethics committee of the Hospital Clínico Universitario San Carlos. Eighteen right handed patients with MCI were recruited from the Geriatric Unit of the "Hospital Clínico Universitario San Carlos Madrid". In addition, nineteen age-matched elderly participants without cognitive impairment were included as the control group. Age and years of education were matched to the MCI group (for details see Bajo et al., 2010 Bajo et al., ,2012 ; the same subjects were used in that study): 10 years for the MCI group and 11 years for controls. To confirm the absence of memory complaints, a score of 0 was required in a 4-question questionnaire (see Mitchell, 2008) . None of the participants had a history of neurological or psychiatric condition.
The diagnosis of MCI was made according to previously published criteria proposed by Petersen et al. (Grundman et al., 2004; Petersen, 2004) . Thus, MCI patients fulfilled the following criteria: (1) cognitive complaint corroborated by an informant (a person who stays with the patient at least for half a day 4 days a week); (2) objective cognitive impairment documented by delayed recall in the Logical Memory II subtest of the Wechsler Memory Scale-III-Revised (score sgl6/50 for patients with more than 15 years of education; score sg8/50 for patients with 8-15 years of education); (3) normal general cognitive function as assessed by a clinician during a structured interview with the patient and an informant and, additionally, a Mini Mental State Examination (MMSE) score greater than 24; (4) relatively preserved daily living activities as measured by the Lawton scale; (5) not sufficiently impaired, cognitively or functionally, to meet criteria for dementia. Age and years of education were matched to the MCI group. According to their clinical and neuropsychological profile, all subjects in this group met criteria for multi-domain MCI (Petersen, 2004) . None of the subjects with MCI had evidence of depression as measured using the geriatric depression scale (score lower than 9) (Yesavage and Brooks, 1991) .
MCI subjects and healthy participants underwent a neuropsychological assessment in order to establish their cognitive status with respect to multiple cognitive functions. Specifically, memory impairment was assessed using the Logical Memory immediate (LM1) and delayed (LM2) subtests of the Wechsler Memory Scale-III-Revised. Two scales of cognitive and functional status were applied as well: the Spanish version of the MMSE (Lobo et al., 1979) , and the Global Deterioration Scale/Functional Assessment Staging (GDS/FAST). It should be noted that the data used in this research are sufficient to make general diagnosis of MCI. For the purposes of this paper the MCI subtype is not critical.
Sternberg task
Sternberg Task (Sternberg, 1966 ) is a well-known task for studying working memory, used especially in MEG studies (Tuladhar et al., 2007; Deeny et al., 2008; Maestu et al., 2008; Stephane et al., 2010; Brookes et al., 2011; Kurimoto et al., 2012) . Magnetoencephalography (MEG) scans were obtained in the context of a modified version of the Sternberg's letter-probe task (deToledoMorrell et al., 1991; Maestú et al., 2001) in which a set of five letters was presented and subjects were asked to keep the letters in mind. After the presentation of the five-letter set, a series of single letters (1000 ms in duration with a random ISI between 2 and 3 s) was introduced one at a time, and participants were asked to press a button with their right hand when a member of the previous set was detected (Fig. 1) . The list consisted of 250 letters in which half were targets (previously presented letters), and half distracters (not previously presented letters). Subjects undertook a training series before the actual test. The subject's responses were classified into four different categories according to the subject's performance in the experiment: hits, false alarms, correct rejections and omissions. Only hits were considered for further analysis because the authors were interested in evaluating the functional connectivity patterns which support recognition success. The Fig. 1 . Representation of the memory task paradigm. In the encoding phase, participants are instructed to memorize 5 letters, that is "SMAQE". In the recognition phase, participants are instructed to make a match/non-match button-press to indicate that the presented letter matched any of the encoded ones. percentage of hits (80% control group and 84% MCI group) and correct rejections (92% control group and 89% MCI group) was high enough in both groups, indicating that participants actively engaged in the task. No significant difference between the two groups during the memory task was revealed between groups, either with respect to the targets (total number of hits, misses and reaction time), or to the distracters (correct rejections, false alarms and reaction time).
MEG recording
The 148-channel MEG (Fig. 2 ) signals were recorded with a 254 Hz sampling frequency and a band pass of 0.5-50 Hz, using a 148-channel whole-head magnetometer (MAGNES 2500 WH, 4-D Neuroimaging) confined in a magnetically shielded room in order to reduce the environmental noise. All MEG recordings were conducted in the morning between 9:00 AM. and 12:00 AM. During the MEG register subjects performed the Sternberg memory task. Fig. 3 shows samples of MEG signals at three locations in the frontal, central, and parietal lobes for an MCI (left: a, b, and c, respectively) and a normal (right: d, e, and f, respectively) subject. An environmental noise reduction algorithm using reference channels at a distance from the MEG sensors was applied to the data. Thereafter, single trial epochs were visually inspected by an experienced investigator, and epochs containing visible blinks, eye movements or muscular artifacts were excluded from further analysis. All time epochs had one second length without baseline (baseline was not studied). Since the MEG signals have a complex dynamic, neurologists are not able to read MEGs or find visual markers. Our research provides a methodology to reveal the differences between the two groups.
All data were converted to MATLAB format (.mat). The MATLAB data of each subject contains a 3-D matrix {148 (number of channels) x 230 (number of sample per epoch) x number of epochs}; the number of epochs per subject varies between 29 and 100 epochs (some records are discarded because of artifacts).
Functional connectivity
Measurements of synchronizations between different brain signals are quantified interdependencies between the associated neuronal regions. Synchronization measurements are classified in two general categories: linear methods and nonlinear methods. such as synchronization likelihood (introduced by Stam and van Dijk (2002) , fuzzy synchronization likelihood (introduced by Ahmadlou and Adeli (2011b) , and visibility graph similarity (introduced by Ahmadlou and Adeli (2012) ) for diagnosis of attention deficit/hyperactivity disorder (ADHD) Adeli, 2010b, 2012; Ahmadlou and Adeli, 2011 a,b; Ahmadlou et al., 2012a) , Autism Spectrum Disorder (ASD) (Ahmadlou et al., 2012b) , and Major Depressive Disorder (MDD) (Ahmadlou et al., 2012c) . A large number of sequential sample times is needed for nonlinear synchronization measurements (usually more than 10,000 sample times). Each epoch of the MEG signal to be analyzed contains only 230 sample times which precludes the application of nonlinear synchronization methods. As such, in this research the functional connectivity analysis is accomplished through a linear method, the classic cross-correlation function.
Functional connectivity network
A functional connectivity matrix is constructed using the correlation coefficients between signals of all pair-wise combinations of the channels. Fig. 4 shows how an example 148-channel MEG set is transformed to its functional connectivity network. Computed correlation coefficients between channel pairs are entries of a 148 x 148 connectivity matrix. Indeed the connectivity matrix is the adjacency matrix of the weighted connectivity network. Fig. 4a and b show the grand average connectivity matrices of normal and MCI subjects, respectively. The light intensity of each array indicates the strength of the connectivity. The darker intensity indicates a lower value in the connectivity matrices. Fig. 4a and b illustrate the average connectivity matrices in the networks of the whole brain, left hemisphere, and right hemisphere of the healthy and MCI groups. In the next step the complexity of these networks will be computed for comparison.
Measuring complexity of networks
In the past decade or so, two measures have been proposed in the statistics literature for measuring complexity of a given unweighted graph (a graph whose edges have only two value, 0 and 1) with JV nodes (Kim and Wilhelm, 2008) . They are described in Section 2.6. The original functional connectivity graphs obtained by neuroimaging tools are weighted graphs, but researchers often simplify them by converting them to a binary or unweighted graph using a threshold. In doing so significant information is lost. Since weights of connectivity graph contain a major part of its structural information (Barrat et al., 2004; Li et al., 2007 ) the authors avoid converting it to a binary graph. In this study two complexity measures are used for a given weighted graph (whose edges have real values in the range of 0 and 1) with JV nodes.
Graph Index Complexity C r
Let r be the largest eigenvalue of the adjacency matrix of a weighted or unweighted graph. The Graph Index Complexity, C r , indicates the diversity or heterogeneity of distribution of the edges over all the nodes, defined as (Kim and Wilhelm, 2008 
0) (2)
The index C r varies between 0 and 1: the more complex the graph's structure, the larger will be C r .
Efficiency Complexity C e
Efficiency of a weighted graph is computed by the short path length (the shortest path connecting the pairs edges) of the graph (the shorter the path length, the higher the efficiency) which indicates the speed of information transition from a node to another node of the graph. It has been shown that many social and natural networks are of the so-called small-world networks, which means coexistence of small short path lengths between nodes with relatively sufficient number (and not too many more than the sufficient number) of connections between the nodes. There is a positive correlation between the efficiency of a network and the number of its edges. The efficiency of a graph is defined as (Latora and Marchiori, 2003 ) (They used it as a characteristic of smallworld network, but we are using it as a characteristic of complexity of networks): where d¡¡ is defined as inverse of the weight between ¡th node and jth node. The index C e is presented as an overall measure of routing efficiency characteristics of the graph and information transmission flexibility of the network. In this research, C e is a measure of the extent of average connectivity or overall routing efficiency and flexibility of the neocortex network which helps different neuronal areas of the network to be synchronized with each other in different situations. This feasibility in synchronization is a key point in information transmission and accomplishment of all behavioral and cognitive activities (Ahmadlou et al., 2012a) . In this way efficiency of functional connectivity matrices, which correspond to neuronal network's structures in the alpha (8-12 Hz) and theta (4-8 Hz) sub-bands, are computed.
Statistical analysis and classification
The one-way Analysis of Variance (ANOVA) was used to evaluate the ability of the C e and C r indices at theta and alpha bands to discriminate between normal and MCI groups. Next, the Enhanced Probabilistic Neural Network (EPNN) developed by the authors recently (Ahmadlou and Adeli, 2010a) as an improved version of PNN (Adeli and Panakkat, 2009; Lopez-Rubio et al., 2011) and a powerful classification technique is used to classify the two groups based on the most discriminating features. Local decision circles enable EPNN to incorporate local information and non-homogeneity existing in the training population. The circle has a radius which limits the contribution of the local decision. Two parameters, the spread parameter and the radius of local decision circles, are optimized to maximize the performance of the model. Inputs of the EPNN are the features discovered by the one-way ANOVA in the previous step. EPNN consists of an input layer with number of nodes equal to the number of the selected features, a pattern layer which computes the likelihood of the input data to each training data using two local and global Bayesian rules, a summation layer which computes the likelihood of the input data to each class (in this work, MCI and healthy), and an output layer with one node which assigns the input data to the class with maximum likelihood. The number of nodes in the pattern layer is equal to the number of training data sets and the number of nodes in the summation layer is the same as the number of classes (i.e. 2). The EPNN has shown successful results in previous studies for diagnosis of autism, cerebral palsy, and major depression (Ahmadlou et al., 2012c,d; Sajedi et al., 2013) . Table 1 summarizes the demographic and clinical information (age, MMSE, CDS, LM1, and LM2) for both groups. The data set used in this study did not include any information about premorbid IQ, smoking, ApoE typing and the head CT or MRI images from the subjects (MCI and Control). The authors acknowledge that this information would have made the study more valuable.
Results
Clinical evaluations
The MCI group performed significantly worse on tests of memory, i.e., LM1 and LM2, than normal controls (p < 0.0001). The fact that the sample of MCI subjects' data used in this research came from a memory clinic rather than from a population-based sample explains the high proportion of amnestic MCI. Table 2 shows the mean and standard deviation of C r for the whole brain, intra left and right hemispheric, and inter hemispheric neuronal networks (see Fig. 2 ) at alpha and theta bands, as well as the associated ANOVA p-values and F-values in discrimination of the MCI and healthy elderly groups. It shows C r of the whole brain at alpha band is significantly different between the two groups (p-value <0.05), while the ability of C r in the whole brain and intra left hemisphere in distinguishing the two groups at theta band is much higher (p-value <0.0001). Also at the theta band the C r of the inter-hemispheric network is significantly decreased in MCI group (p-value <0.05). Fig. 5 shows distribution of C r of the brain neuronal network at (a) alpha and (b) theta; (c) C r Table 1 Demographic and clinical information of the control and MCI groups (Bajo et al., 2010 .0119* (7.06)
Graph Index Complexity C r
Correlation is significant at the 0.05 level. Correlation is significant at the 0.01 level. 
Table 3
First order statistical characteristics of C e of the whole brain, intra left and right hemispheric, and inter hemispheric neuronal networks at alpha and theta bands, as well as the associated ANOVA p-values and F values in discrimination of the two groups (M. and Std. stand for mean and standard deviation, respectively).
Band
Subjects Whole brain Intra left hemispheric Intra right hemispheric Inter hemispheric of intra left hemispheric network at theta and (d) C r of inter hemispheric network at theta. In all cases C r is decreased in MCI subjects.
Efficiency Complexity C e
The same results with slightly better p-values were obtained by C e . Table 3 shows the mean and standard deviation of C e of the whole brain, intra left and right hemispheric, and inter hemispheric neuronal networks at alpha and theta bands, as well as the associated ANOVA p-values and F-values in discrimination of the MCI and healthy elderly groups. It is observed that at alpha band only C e of the hole brain is significantly different between the two groups (p-value <0.01), while at theta band the ability of C e in the whole brain and intra left hemisphere in distinguishing the two groups is much higher (p-value <0.0001). Also at the theta band C e of the inter-hemispheric network is significantly ). Fig. 6 shows distribution of C e of the brain neuronal network at (a) alpha and (b) theta; (c) C e of intra left hemispheric network at theta and (d) C e of inter hemispheric network at theta. In all cases the C e is decreased in MCI subjects. The complexity of the brain network (C e and C r ) was computed in other subbands, delta (0.5-4 Hz), beta (13-30 Hz), and gamma (30-70 Hz)) as well. The results did not indicate any meaningful difference.
Classification
Since the ANOVA tests showed C e of the whole brain and intra left hemisphere at theta band are the most discriminating features (see Tables 2 and 3) , the classification was accomplished based on those two features. There are three standard methods of cross-validation: Leave-one-out, K-fold, and repeated random sub-sampling. We used the repeated random sub-sampling cross validation method, because based on our previous studies we found it more reliable than others.
A cross validation of repeated random sub-sampling of data with testing-to-training data ratio of 20-80 was performed over 100 repetitions to report reliably accurate classification results. An average accuracy of 97.6% was obtained using the EPNN classifier with sensitivity of 99.2% and specificity of 94.8%.
It should be noted that a conventional method of classification, that is, the linear discriminant analysis (LDA) was also employed in this research. An accuracy of 92.8% was obtained, substantially less than that obtained by the EPNN.
Discussion and conclusion
Impaired working memory is a major problem in MCI, especially in amnestic MCI. Previous studies have investigated various local brain networks and regions associated with impaired working memory in subjects with MCI. Decreasing posterior alpha power in MCI patients (Babiloni et al., 2008) , gray matter loss in temporal, parietal, and frontal regions (Karas et al., 2004; Barbeau et al., 2008) and increased activity of occipital regions in MCI subjects during incremental learning (Moulin et al., 2007) are some of the major findings previously reported. Although there are some studies on functional connectivity of MCI's brain (Gómez et al., 2009; Escudero et al., 2011) , only a few researchers have investigated the global organization of brain networks in MCI (de Haan et al., 2012) .
Several studies indicate that an increase in the task difficulty requires further synchronization of the brain network (Korobeinikova and Karatygin, 2012; Bernarding et al., 2013) . The authors hypothesize that MCI subjects are more inefficient in the task execution. They need to make a greater effort to perform the same task.
In this paper, in order to study global variations in the working memory of the MCI brain relative to the normal brain, the authors examined the complexity of functional networks of whole, interhemispheric, and intra-hemispheric brain of MCI subjects during the Sternberg task and compared it with those of normal subjects. The networks' complexities were measured by Graph Index Complexity (C r ) and Efficiency Complexity (C e ). As theta and alpha bands are well-known frequencies involved in working memory functions, the C r and C e were computed and investigated in these frequency bands for both MCI and normal subjects.
The results obtained by both measurements (C r and C e ) showed complexity of functional networks involved in the working memory function in MCI subjects were reduced at both alpha and theta bands compared with subjects with normal cognition and at the theta band this reduction is more pronounced in the whole brain and intra left hemisphere. This means the connectivity of the functional brain network in MCI subjects is such that the network has less efficiency with slower information transmission during the verbal working memory task. Since the verbal and phonological information is processed mainly in the left hemisphere, a possible explanation of finding more deficits in the left hemisphere in our study is that we used a verbal task. Also, the results show that C e would be a better measurement for showing the global differences between normal and MCI brains (with p-values less than 0.0001) compared with C r . Furthermore, the high accuracy of the classification shows C e at theta band can be used as an index for assessing deficits associated with working memory, a good biomarker for diagnosis of MCI. Further studies are needed to determine if this index can be used in the pre-MCI stage to determine which individuals with normal cognition will go onto develop MCI as this would be useful for prognostication and for the institution of therapies once they become available. The results show the differences of the network complexity between the two groups are more significant in the left intra-hemispheric network relative to the right one. This may be explained by the fact that semantic processing and also word learning are more associated with left hemisphere (especially left prefrontal cortex and left temporal cortex) and hence it is why complexity of the left intra-hemispheric network during the Sternberg task has been changed much more in MCI, compared with the right intra-hemispheric network (Gronholm et al., 2007; Clement et al., 2010) .
Since the Efficiency Complexity in the MCI group is clearly lower than in the Control Group this research verifies the authors' hypothesis. Both groups are performing comparably in the Sternberg task but with a different efficiency.
As noted in the Section 1, Ahmadlou and Adeli (2011a) presented a new methodology for investigation of the structure of the brain functional connectivity based on graph theory and community pattern analysis of functional connectivity graph of the brain obtained from EEGs. From the viewpoint of Functional Connectivity analysis, compared with EEGs where one specific channel is needed as the reference for the other channels the main advantage of MEG records is no reference channel is needed (see Knake, 2006; Leahy et al., 1998) . Other advantages are that MEG presents a better signal to noise ratio especially in the high frequency bands, and the fact that biological tissue is much more transparent (see Muthukumaraswamy, 2013 for a review) to magnetic fields (MEG) than to EEGs, thus making MEG a bit more sensitive. Finally, the authors' overarching research ideology advances a multi-modal measurement and analysis approach as the most effective way to investigate the complex brain system."
Only one set of five letters was used. This would substantially affect the interpretation. Consequently, one may consider the task applied to be an atypical short-term memory task. Considering the relatively small size of the data sample (18+19 subjects), the results may be considered preliminary. Additional studies are needed to validate the consistency of the outcomes presented in this article.
